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Abstract. In recent years, many computationally efficient bidirectional reflectance models 
have been developed to account for angular effects in land remote sensing data, 
particularly those from the NOAA advanced very high resolution radiometer (AVHRR), 
polarization and directionality of the Earth's reflectances (POLDER), and the planned 
EOS moderate-resolution imaging spectrometer (MODIS) and multi-angle imaging 
spectroradiometer (MISR) sensors. In this study, we assessed the relative ability of 10 
such models to predict commonly used remote sensing products (nadir reflectance and 
albedo). Specifically, we inverted each model with ground-based data from the portable 
apparatus for rapid acquisition of bidirectional observations of the land and atmosphere 
(PARABOLA) arranged in subsets representative of satellite sampling geometries. We 
used data from nine land cover types, ranging from soil to grassland (First International 
Satellite Land Surface Climatology Project (ISLSCP) Field Experiment (FIFE)) to forest 
(Boreal Ecosystem-Atmosphere Study (BOREAS)). Retrieved parameters were used in 
forward model runs to estimate nadir reflectance and spectral albedo over a wide range of 
solar angles. We rank the models by the accuracy of the estimated products and find 
results to be strongly dependent on the view azimuth angle range of the inversion data, 
and less dependent on the spectral band and land cover type. Overall, the nonlinear 
model of Rahman et al. [1993] and the linear kernel-driven RossThickLiSparse model 
[Wannet et al., 1995] were most accurate. The latter was at least 25 times faster to invert 
than the former. Interestingly, we found these two models were not able to match the 
various bidirectional reflectance distribution function (BRDF) shapes as well as other 
models, suggesting their superior performance lies in their ability to be more reliably 
inverted with sparse data sets. These results should be useful to those interested in the 
computationally fast normalization of bidirectional reflectance data and the estimation of 
radiation flux parameters (albedo, absorbed radiation) over diverse land covers. 
1. Introduction 
Measurements of Earth surface reflectance vary with the 
solar and viewing directions. This variability is controlled by 
the optical and structural properties of the surface and can be 
described with a bidirectional reflectance distribution function 
(BRDF). Bidirectional reflectance often provides a challenge 
to remote sensing scientists using data from satellite systems 
(e.g., NOAA advanced very high resolution radiometer 
(AVHRR)). Such systems typically measure radiance at differ- 
ent view angles depending on orbit and scanner characteristics. 
Moreover, they collect data at different latitudes and times of 
day and year, resulting in different illumination angles. Thus 
the measured radiances may differ even if the surface is invari- 
ant. These differences make temporal and spatial trends more 
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difficult to analyze and can lead to significant errors in re- 
motely estimated biophysical variables such as leaf area index 
(LAI). This is particularly true, since samples may not be 
available at the Sun-view geometries for which derived prod- 
ucts are most correlated with the reflected signal [Walter-Shea 
et al., 1997]. Likewise, satellite scan geometries do not com- 
prehensively sample the full hemisphere to allow accurate es- 
timation of radiation fluxes (e.g., absorbed photosynthetically 
active radiation, APAR), quantities often needed for ecologi- 
cal, energy budget, and climate modeling. 
Several empirical techniques have been developed to nor- 
malize bidirectional effects in satellite data. For example, re- 
searchers using vegetation indices often apply compositing al- 
gorithms (e.g., maximum value compositing). In theory, these 
reduce atmospheric ontamination while normalizing the view 
direction to near nadir [Holben, 1986]. This technique has been 
extended [Sellers et al., 1996] to normalize the solar angle using 
a correction based on observed data. Some researchers avoid 
29,529 
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Figure 1. NOAA 11 AVHRR sampling eometries over July 1-9, 1990 for a target at 40øN latitude. 
Although a wide range of view zenith angles are represented, sampling in the azimuthal p ane is significantly 
restricted. 
using data collected at large view angles (e.g., >42 ø ) to reduce 
angular effects [Agbu and James, 1994; Los et al., 1994]. How- 
ever, Goward et al. [1993] described how most compositing 
methods may fail to normalize sampling eometries, particu- 
larly in cloudy areas. Other techniques are often applied when 
estimating radiation flux parameters, such as albedo and 
APAR. For example, researchers often assume Lambertian 
reflectance or invariant bidirectional reflectance properties 
[Laszlo et al., 1988; Pinker and Stowe, 1990]. Still, Middleton et 
al. [1987] have shown that a LambertJan assumption may lead 
to errors of up to 55% in albedo. 
To more accurately normalize or integrate surface bidirec- 
tional reflectance, some remote sensing researchers have be- 
gun using BRDF models to predict reflectance in nonsampled 
directions [Roujean et al., 1992; Gutman, 1994; Liet al., 1996]. 
Bidirectional reflectance models depend on the illumination 
direction and the surface parameters. Although rigorous nu- 
merical models have been developed, parametric models are 
more widespread and computationally faster [e.g., Walthall et 
al., 1985; Warmer et al., 1995]. The latter can be readily inverted 
with remote sensing data by adjusting model parameters until 
the modeled and measured reflectances are similar. After 
model parameters are retrieved, they may be used in forward 
model runs to predict reflectance for any Sun-view geometry. 
By inverting a model with satellite data at each target in a 
scene, maps of surface reflectance at a constant view and solar 
angle can be produced. This allows meaningful comparison of 
reflectance differences over large areas, as well as derivation of 
biophysical parameters from optimal Sun-view geometries. Fi- 
nally, the model-predicted reflectances at a given target may be 
angularly integrated to estimate the total absorbed and re- 
flected surface fluxes. Despite the recognized need for such 
corrections, however, there currently is not a consensus among 
satellite data processing roups [e.g., Gutman, 1994; Los et al., 
1994; Cihlar et al., 1997; van Leeuwen et al., 1996] on the 
operational use of a bidirectional reflectance model. 
The objective of this study was to determine which BRDF 
models would be most suitable for routinely estimating albedo 
and nadir reflectance from satellite data. Specifically, we com- 
pared 10 models which were designed for computational effi- 
ciency. The models used were either simple nonlinear models 
[e.g., Dickinson et al., 1990] or linear kernel-driven models 
[e.g., Warmer et al., 1995]. We inverted the models with data 
from the portable apparatus for rapid acquisition of bidirec- 
tional observations of the land and atmosphere (PARABOLA) 
[Deering and Leone, 1986], a radiometer that can rapidly view 
the surface over a large range of view zenith (0-82 ø) and 
azimuth angles (0-360ø). To simulate satellite measurement 
geometries realized over short periods (-10 days; see Figure 
1), we subsampled the PARABOLA data using view and solar 
geometries in restricted azimuthal and zenith angle sectors, 
respectively. We used data collected over nine land cover types 
(Table 1). Using the retrieved model parameters, we ran the 
models in the forward direction to estimate spectral albedo 
and nadir reflectance over a full range of solar angles for which 
PARABOLA data were available. We ranked the models by 
the accuracy of the predicted quantities. Finally, we compared 
the inversion speeds of the models and assessed their validity 
by fitting them to data from extreme geometries. This work 
extends a comparison of simple BRDF models using AVHRR 
data [Privette and Fermote, 1995] and is complemented by an 
independent study using PARABOLA data (Z. Liet al., An 
evaluation of kernel-based bidirectional models using 
PARABOLA measurements, submitted to Canadian Journal 
of Remote Sensing, 1997; hereinafter referred to as submitted 
paper). 
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Table 1. PARABOLA Data Sets 
Number of Solar 
Solar Angle LAI or 
Land Cover Location Date Angles Range PAl 
Soil (lava-based) Nevada July 18, 1989 6 21-72 LAI < 0. l* 
Grassland Kansas/FIFE June 4, 1987 4 16-65 LAI = 1.5 
Grassland Kansas/FIFE Aug. 8, 1989 5 43-75 PAl = 2.2 
Cotton Arizona Sept. 7, 1991 7 37-76 LAI = 4.0 
Shinnery oak Texas Sept. 12, 1984 4 31-70 LAI = 0.7 
Spruce/hemlock Maine Aug. 25, 1991 6 35-76 PAl - 3.9 
Aspen Saskatchewan/BOREAS July 21, 1994 7 40-72 LAI = 3.3 
Black spruce Saskatchewan/BOREAS June 7, 1994 8 35-70 LAI = 6.3 
Jack pine Saskatchewan/BOREAS May 31, 1994 8 33-69 LA! = 1.2 
LAI, leaf area index; PAI, plant area index. BOREAS LAI values are from allometric measurements 
[Chen et al., this issue]. 
*Estimated. 
2. Model Descriptions 
Owing to the number of models used, we only outline as- 
pects of each below. Interested readers may obtain the refer- 
enced literature for model details. Four nonlinear models and 
six linear kernel-driven models were tested in this study. The 
nonlinear models represent two model classes for which sev- 
eral models may be members. The four-parameter model of 
Dickinson et al. [1990] was specifically designed for simple 
inversion and use in climate models. Its once-scattered radia- 
tion is calculated using G functions [Ross, 1981], which de- 
scribe the angular attenuation of radiation through a canopy, 
and the effective leaf phase function. Both are simplified func- 
tions which depend on leaf orientation and Sun-view geometry. 
Multiple scattering is approximated as two-stream using H 
functions [Chandrasekhar, 1960]. The six-parameter model of 
Jacquemoud et al. [1992] is based on a soil model [Hapke, 
1981]. Although similar to the Dickinson model, it does not 
explicitly model attenuation with scattering depth and relies on 
a surface phase function, approximated with Legendre poly- 
nomials, which allows both backscatter and forward scatter. It 
also contains a simple hot spot approximation and an H func- 
tion approximation of multiple scattering. The three- 
parameter model of Rahman et al. [1993] combines simple 
functions to represent the basic surface reflectance shape. The 
model is based on the Minnaert scattering function, the He- 
nyey-Greenstein phase function, and a hot spot approximation. 
Recently, Martonchik [1997] developed the Modified RPV 
model, a nearly-linear version of Rahman's model. This three- 
parameter model makes an approximation of the Henyey- 
Greenstein function such that inversion is achieved by iterative 
matrix inversion. This model, and the inversion technique used 
with it, were developed as part of the EOS multi-angle imaging 
spectroradiometer (MISR) program [Diner et al., 1989]. 
The remaining models were developed using the algorithm 
for MODIS bidirectional reflectance anisotropies of the land 
surface (AMBRALS), a modeling tool designed for the EOS 
moderate-resolution imaging spectrometer (MODIS) bidirec- 
tional reflectance and albedo products [Warmer et al., 1997]. 
The AMBRALS models linearly combine anisotropic kernels 
representing surface and volume scattering with an isotropic 
(unit) kernel (three total kernels) [Warmer et al., 1995], i.e., 
R = Co + C•kl + c2k2, (1) 
where R is the bidirectional reflectance factor and c, is a 
constant (weight) for kernel i (k,). Kernels are physically 
relevant nonlinear functions of the Sun-view geometry. The 
volume scattering kernels, which describe scattering of layered 
canopies, are derived from Ross's [1981] turbid medium the- 
ory. Two cases, representing low (RossThin) and high (Ross- 
Thick) leaf area index, are available in AMBRALS. Surface 
scattering kernels simulate the effects of shadowing and are 
derived from geometrical-optical protrusion models. Two ker- 
nels based on the Li and Strahler [1992] mutual shadowing 
model represent sparsely (LiSparse) and densely (LiDense) 
spaced tree crowns. 
In this study, we employed five of the six models currently 
planned for use in the MODIS algorithm (RossThinLiSparse, 
RossThinLiDense, RossThickLiSparse, RossThickLiDense, 
and the modified Walthall model [Walthall et al., 1985; Nilson 
and Kuusk, 1989]). For readability, we do not include "Ross" 
and "Li" in further references to these models (e.g., Thin- 
Sparse - RossThinLiSparse). The unused MODIS model in 
AMBRALS is designed for land targets with specular scatter- 
ing from exposed water, a case that did not exist among the 
PARABOLA-measured surfaces. We added a sixth model 
which combined the surface scattering kernel of Roujean et al. 
[1992] with the RossThin and isotropic kernels. The modified 
Walthall model contains four kernels which do not represent 
physical scattering processes; however, it was included in this 
study owing to its widespread usage. We refer readers to Warmer 
et al. [1995] for a comprehensive discussion of these models. 
A significant feature of linear kernel-driven models is their 
potential for fast and stable inversion with matrix inversion 
methods, such as LU decomposition used by AMBRALS. Be- 
cause a single solution exists for a well-posed matrix inversion, 
the inversion does not depend on initial parameter values and 
can always determine the solution, given a set of linearly in- 
dependent equations. In contrast, the nonlinear models must 
be inverted using iterative numerical routines. We employed 
the quasi-Newton E04JAF algorithm [Numerical Algorithms 
Group (NAG), 1990] for inversion of the Dickinson, Jacque- 
moud, and Rahman models. Model parameters were restricted 
to physically allowable values [Privette et al., 1995]. For each 
inversion data set, the model was inverted at least five times 
using randomly prescribed initial parameter values, and the 
solution with the smallest root-mean-square difference be- 
tween measured and modeled reflectances was kept. This helps 
ensure the global minimizer is found. 
Finally, the inversion technique used by the modified RPV 
model is based on iterative matrix inversion. Three indepen- 
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dent equations are formed, each based on unique functions of 
the inversion set samples. Upon solving the system with Cra- 
mer's rule, the change in the phase function parameter from 
the previous iteration is assessed. If the change exceeds a 
certain threshold, the matrix inversion is performed using the 
new value; this is repeated until the change is sufficiently small. 
3. PARABOLA Data Description 
The PARABOLA radiometer [Deering and Leone, 1986] has 
three bands including red (650-670 nm), near infrared (810- 
840 nm), and midinfrared (1620-1690 nm), which correspond 
to Landsat thematic mapper bands 3, 4, and 5, respectively. 
The first band is also contained within AVHRR band 1 and 
MEDIS band 1, and the second within AVHRR band 2 and 
contains MISR band 3. The third PARABOLA band contains 
MEDIS band 6. PARABOLA has two-axis motorized scan- 
ning, which allows radiance measurements over nearly the 
complete (4rr) sky- and ground-looking hemispheres. During a 
scan, PARABOLA takes 264 directional measurements in 
each band in about 11 s. The instantaneous field of view 
(IFeV) is about 15 ø. In some cases, noted below, data from 
different locations or view angles were averaged. This helped 
ensure that the effective reflectance values represented well- 
mixed aggregations of scene elements. 
We chose nine land covers for this study. The locations, 
canopy LAI (m2/m 2) values, and measurement dates are noted 
in Table 1. The lava soil field site was one of several established 
for the Geologic Remote Sensing Field Experiment (GRSFE), 
located in the vicinity of the Lunar Crater Volcanic Field 
approximately 250 km northwest of Las Vegas, Nevada. The 
site was located on an intermediate-aged lava flow that had 
been partly buried by aeolian silt and fine sand. Thus the 
exposed surface soil matrix was an approximately 50/50 mix- 
ture of dark (black basalt) and light (pale brown silty "dust") 
soil minerals. It contained a sparse cover of grasses and low 
growing (up to 35 cm) woody plants. 
Two grassland sites located in the Konza Prairie, Kansas, 
were measured during the First International Satellite Land 
Surface Climatology Project (ISLSCP) Field Experiment 
(FIFE) of 1987 and 1989. PARABOLA data were collected at 
site 8 (June 4, 1987) and site 916 (August 8, 1989). As a result 
of climatic conditions, the soil was dryer and the canopy had 
more gaps at site 916 on the measurement day. This permitted 
more soil to be visible from above than at site 8. Both sites 
were burned in the spring of the respective years to remove 
leaf litter remaining from previous years [Deering et al., 1992b]. 
The measurements of cotton reflectance were made in a 
field at the Maricopa Agricultural Research Center south of 
Phoenix, Arizona, on September 7, 1991. The cotton was a 
uniform row planted canopy with approximately 90% ground 
coverage. The soil was dry [Qi et al., 1995]. 
The shinnery oak reflectance measurements were made in 
the Llana Escatado region of the southern high plains of west 
Texas on September 12, 1984. The site was relatively level with 
knee high (43 cm) woody shrub growing on sandy soil. The 
canopy structure was an open, 60% canopy coverage, dwarf 
forest. The relatively bright sandy soil was partially covered 
with substantial dark leaf litter [Deering et al., 1992a]. Band 3 
irradiance was not available for these data sets, however, and 
thus only bands 1 and 2 were used. 
The measurements of the spruce-hemlock forest were made 
on August 25, 1991, near Howland, Maine, at the Northern 
Experimental Forest of the International Paper Company. The 
site was a second- or third-growth natural forest with a closed 
canopy of spruce and hemlock (92% by stem count) with about 
5% eastern white pine and about 3% red maple. The average 
height of the trees was 14.5 m with a tree density of 1200 
trees/ha and an understory composed of needle litter, moss, 
and scattered ferns [Eck and Deering, 1992; Deering et al., 
1994]. 
PARABOLA measurements were made at three boreal for- 
est sites in central Saskatchewan, Canada, in 1994. These sites 
were located at Boreal Ecosystem-Atmosphere Study 
(BOREAS) tower/tram sites in the southern study area (SSA) 
of the experiment, which is near the southern boundary of the 
boreal forest ecosystem in that region. The sites had the 
BOREAS-designated names of SSA old black spruce, SSA old 
aspen, and SSA old jack pine. 
The black spruce site tree cover was primarily composed of 
black spruce (height 0-10 m), with scattered emergent tama- 
rack (10-16 m), and a very few jack pine (13 m). The age of the 
black spruce trees ranged up to 155 years, and the total stem 
density (for all species) at the site was 8040 live stems&a, with 
a basal area of 40 m2/ha. The understory at this site is young 
black spruce, and the ground cover is composed of sphagnum 
moss with feather moss, bog cranberry, and labrador tea. The 
average canopy closure was about 55%, and the soil drainage 
ranged from imperfect to very poor [Sellers e! al., 1994]. 
The SSA old aspen site located in Prince Albert National 
Park contained mostly mature quaking aspen (and a few bal- 
sam poplar) in the primary stratum, with an average height of 
21 m and an average age of 60 years. The stem density totaled 
800-900 live stems/ha, with a basal area of 38 m2/ha. The 
understory was a dense growth of hazelnut shrubs with some 
wildrose, and the ground cover was -50% leaf litter with a 
variety of herbs and grasses. The canopy closure including the 
hazelnut understory averaged 89%, and the soil drainage 
ranged from well drained to poor [Sellers e! al., 1994]. 
The jack pine site had a pure stand of jack pine forest aged 
approximately 60-75 years. The tree height ranged from 11 to 
14 m, and the total stem density was 2700 live stems/ha. The 
understory had scattered groupings of green alder, and the 
ground cover was composed of bearberry, feather moss, and 
lichens. The predominant ground cover, both in areal coverage 
and in the influence on scene reflectance, is reindeer moss, a 
lichen, which has a bright spectral signature. The average can- 
opy closure at this site was estimated to be --•61%, and the 
sandy soils are very well drained [Sellers et al., 1994]. 
For the lava soil, prairie grassland, cotton, and shinnery oak 
sites the PARABOLA instrument head was mounted at the 
end of a triangular truss aluminum boom supported by a large 
tripod; the PARABOLA height for sampling was --•4 m. This 
resulted in a ground projected IFeV which ranged from ap- 
proximately 0.9 m 2 at nadir to 2.5 m 2 at the 45 ø off-nadir 
angles. 
A two-axis leveling mechanism enabled accurate orientation 
of the radiometer head relative to horizontal. Overall errors in 
the view angles are estimated to be 0.5 ø due to wind and other 
factors. A replicate sampling procedure was used, involving 
rotation of the boom on the azimuthal tripod axis between 
__ 7.50 ø relative to the perpendicular and principal planes. This 
procedure, in conjunction with data processing procedures, 
increases the spatial sampling and accuracy of the reflectance 
estimates [•lhmad and Deering, 1992]. 
For the BOREAS experiment the PARABOLA was 
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mounted on a tram which traversed a fixed set of cables at each 
of the three BOREAS tower/tram sites in the SSA old aspen, 
old jack pine, and old black spruce sites. The tram cable height 
was about 13-14 m above the height of the forest canopy at 
each site, such that the ground projected IFOV ranged from 
5.4 m 2 at nadir to 46.6 m 2 at 60 ¸ off-nadir. In order to ade- 
quately sample the spatial variance of the canopy structures, 
PARABOLA scans were made at distances from the principal 
scaffold tower ranging from 25 to 5 m at 2-m increments. This 
resulted in PARABOLA scans being taken at 11 subsites along 
the tram transect for each solar zenith angle set. 
For the spruce/hemlock site in Maine, PARABOLA was 
mounted on a small boom on top of a telescopic mast which 
provided remote azimuthal control. The instrument was ele- 
vated to a height of 25 m above the forest floor and about 10 m 
above the average tree crown height. Since individual tree 
crowns at this site approached the size of the nadir field of 
view, estimates of the spatial variance were made by rotating 
the boom to additional azimuthal positions [Deering e! al., 
1994]. 
Throughout this study, we used bidirectional reflectance fac- 
tors. These were computed as the ratio of pi multiplied by the 
average surface radiance in a direction to the estimated aver- 
age total irradiance in a particular band. The total irradiance 
was calculated using nadir-view radiances, corrected for reflec- 
tance anisotropy, of a barium sulfate reference panel. Irradi- 
ance values were obtained for each Sun angle data acquisition. 
The spectral albedos of the land cover types are shown as a 
function of solar zenith angle in Figure 2. The spectral albedo 
of vegetation typically increases with solar angle for all three 
wave bands [e.g., Deering e! al., 1994]. However, note the 
slightly decreasing values of the red albedo for the lava soil 
site, which is due in part to the increased shading of the 
brighter sandy areas, which lie in depressions between the 
darker lava rock. This shadowing effect shows up more mark- 
edly in the nadir reflectance decrease with increasing solar 
angle (Figure 3a). Most of the vegetation sites also show de- 
creasing nadir red reflectance as solar angle increases, which is 
mainly due to increasing shadowing of brighter background 
scene elements with a corresponding greater illumination of 
the top canopy layer, which is darker [cf. Deering et al., 1992a]. 
However, for the near-infrared and middle-infrared wave- 
bands, nadir reflectance is relatively constant for most sites as 
a function of solar angle. This results, in part, from the multi- 
ple scattering in these wavebands (particularly, the near infra- 
red), which reduces the shadowing effects, and also from the 
generally lower contrast in reflectance between the vegetation 
and background scene elements (soil, litter, lichen, etc.) in 
these wavebands as compared to the visible. 
4. Experiment Methodology 
We developed an experiment design to rigorously test the 
BRDF models under a variety of sampling conditions (see 
Figure 4). Although PARABOLA samples over much of the 
hemisphere, current satellite sensors cannot. Indeed, a typical 
9-day sample set for a midlatitude target by AVHRR involves 
a large range of view zenith angles (e.g., -75 to 75ø), mostly 
restricted to a small range of azimuth angles (Figure 1). The 
azimuth angle range varies with latitude, season, and time of 
day. To approximate this, we defined four view azimuth angle 
sectors (see Figure 5): backscatter, orthogonal plane, forward 
scatter, and principal plane (forward scatter and backscatter). 
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Figure 2. Change in spectral albedo with solar zenith angle 
for the nine land covers measured by PARABOLA and used in 
this study: (a) band 1 (red), (b) band 2 (near infrared), and (c) 
band 3 (midinfrared). 
Each sector was expanded to include samples at any azimuth 
angle when the corresponding view zenith angle was less than 
10 ¸. This is justified by the typically minimal variation in re- 
flectance with azimuth angle near nadir. 
In addition to view angle restrictions, repeat samples of a 
given land target by sensors with large fields of view (e.g., 
AVHRR and MODIS) are from different solar angles. There- 
fore in this experiment we also identified the available sets of 
solar angle pairs as follows. Using the PARABOLA data from 
a given land cover type, we sorted the solar angles into ascend- 
ing order, then identified successive but exclusive pairs of an- 
/ 
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Figure 3. Same as Figure 2, but for nadir reflectance. 
gles until we reached the end of the set. In cases where there 
were an odd number of solar angles, we identified two pairs 
from the final three solar angles. For example, we paired the 
solar angles of aspen data as follows: {(40.5 ø, 45.5ø), (49.8 ø, 
54.8ø), (59.7 ø , [64.9ø), 72.7ø]}. 
Our processing proceeded as follows. First, for each combi- 
nation of land cover, spectral band, view azimuth sector, and 
solar angle pair, we created 50 inversion sets of five to 15 
randomly selected but unique samples (five to 10 for forests; 
see below) from the applicable PARABOLA data. The set 
sizes were meant to represent the numbers of clear-sky sam- 
ples available in 7- to 14-day periods with AVHRR or MaDIS 
for various latitudes/conditions. 
Determine applicable PARABOLA data 
by defining: 
ß Land cover 
ß Spectral band 
ß Solar angle pair 
ß View azimuth sector 
Re )eat 50 times _ I Determine inversion data set by 
-J selecting 5 to 15 random sa ples 
Repeat for each • 
model (10) Invert BRDF model withnversion data et I
Estimate albedo and nadir reflectance 
at all solar angles with model and retrieved parameters 
Determine relative error (œ) between estimated 
and measured values; if œ > 1.5 for any solar angle, 
discard inversion data set for all models 
Figure 4. Flow chart of the processing steps used in this 
study. The flow was repeated for nine land covers, three spec- 
tral bands, four to eight solar angles (depending on land cov- 
er), and four view azimuth sectors. 
Because of the large-scale heterogeneity in the jack pine, 
black spruce, aspen, and spruce/hemlock canopies, we used 
their reflectance values averaged over view angle bins (15 ø 
intervals in zenith angle, 30 ø in azimuth) and all 11 subsites. 
This greatly restricted the number of available samples and 
limited the inversion sets to five to 10 samples for these four 
land covers. 
Next, for each sampling combination, we inverted the reflec- 
tance models with each of the 50 sets. Using the retrieved 
120 ø 60 ø 
150 ø 30 ø 
Principal Plane Sun 
1 
210 ø 330 ø 
240 ø 
Figure 5. View azimuth sectors used to create the inversion 
data sets. The four sectors include backscatter, when the view 
azimuth angle was within _+30 ø of the solar azimuth angle; 
orthogonal plane, when the view azimuth was within +_30 ø of 
the plane perpendicular to the principal plane; forward scatter, 
when the view azimuth was within _+30 ø of the solar azimuth + 
180ø; and principal plane, when the view azimuth was within 
_+30 ø of the principal plane (forward scatter and backscatter). 
Each sector was expanded to include samples at any azimuth 
angle when the corresponding view zenith angle was less than 10 ø. 
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Figure 6. Relative errors in near-infrared albedo for four representative ground covers and all models. For 
each land cover and view azimuth sector, the errors were averaged over all solar angle pairs and predicted 
solar angles. The model codes are DK, Dickinson; JC, Jacquemoud; MI, Modified RPV; RM, Rahman; TnS, 
ThinSparse; TnD, ThinDense; TkS, ThickSparse; TkD, ThickDense; WL, Walthall; and RJ, ThinRoujean. 
parameter sets, we then ran the models in the forward direc- 
tion to predict the nadir reflectance and spectral albedo at all 
solar angles in the PARABOLA database for that land cover. 
Next, we determined the relative error (s) between the modeled 
and measured values of nadir reflectance and albedo, where 
I P* - P'I t = p, (2) 
and where P ,*. is the modeled value and Pi is the PARABOLA- 
measured value at a given solar angle. A relative error mini- 
mizes the effects of reflectance magnitude differences with 
land cover, spectral band, and solar angle. 
5. Results 
First, we found the mean relative errors • in the estimated 
products (nadir reflectance and spectral albedo) over all esti- 
mated solar angles with parameter sets retrieved from each 
data set at each solar angle pair, i.e., 
1 I = p, (3) 
k=l j=l t=l 
where N is the number of unique solar angles (i.e., 
PARABOLA data sets) for the given land cover type, M is the 
number of inversion data sets (nominally 50; this is also the 
number of retrieved parameter sets) created with data from a 
given solar angle pair, and L is the number of solar angle pairs 
defined for the given land cover. 
This was repeated for each combination of model, spectral 
band, land cover, and view azimuth sector. Occasionally, an 
inversion solution for a given model and data set led to ex- 
tremely large errors in an estimated product. We excluded 
these anomalous cases based on a threshold error. Specifically, 
if a relative error s in a product at any solar angle exceeded 1.5 
for any model, the corresponding inversion data set was con- 
sidered an outlier and excluded for all models. The latter step 
ensured that the final mean errors for each model were derived 
from the same inversion data sets. This exercise was conducted 
separately for nadir reflectance and spectral albedo, potentially 
resulting in different numbers of nonoutlier inversion sets for 
the estimated products. 
We show mean relative errors for representative land covers 
in Figures 6 (spectral albedo) and 7 (nadir reflectance). We 
give band 2 (near-infrared) results, since these data had the 
highest signal-to-noise ratio. Several trends are obvious. Gen- 
erally, the smallest errors in albedo were produced by inver- 
sions with orthogonal plane or principal plane data. The mean 
errors for the most successful models were between 5 and 15%. 
In most cases, the poorest results were from inversions with 
backscatter-only data. The smallest mean errors from the back- 
scatter sector solutions were mostly greater than 10%. Al- 
though the best performing model depended on the land cover 
and view azimuth sector, Rahman and ThickSparse outper- 
formed most others in three (grassland, shinnery oak, and 
black spruce) of the four albedo cases shown. 
In the estimation of nadir reflectance it is difficult to deter- 
mine a preferred view azimuth sector. Still, Modified RPV, 
Rahman, and ThickSparse performed well for all view sectors 
in the grassland, shinnery oak, and black spruce cases, respec- 
tively. For both the albedo and nadir reflectance, no model was 
significantly more accurate with the soil data. Note the only 
model designed for soil reflectance was that of Jacquemoud. 
Results for all land covers are available at http://pratmos. 
gsfc.nasa.gov. 
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Figure 7. Same as Figure 6, but for nadir reflectance. 
5.1. Performance by Spectral Band and Azimuthal Sector 
To determine the model(s) producing the smallest errors 
over all land covers, we recorded those with mean errors within 
2% (absolute) of the lowest mean error for each sampling 
combination. The 2% allowance compensates for the uncer- 
tainty in PARABOLA data. Next, we tabulated the number of 
times each model was selected according to the above criteria 
for all cover types. Results are given in Table 2a (spectral 
albedo) and Table 2b (nadir reflectance) separately, as a func- 
tion of view azimuth sector and of spectral band. Note either 
categorization (spectral band or azimuthal sector) has the 
same cumulative row total. For backscatter samples, Thick- 
Sparse, ThinRoujean, and Dickinson estimated albedo (Table 
2a) most accurately. For orthogonal plane and forward scat- 
tering samples, Rahman strongly outperformed others, while 
for the principal plane, ThickSparse was superior. Among the 
two most successful models (ThickSparse and Rahman), there 
was almost no preference with spectral band. In Table 2b 
(nadir reflectance), it is clear from the row totals that Rahman 
was overall most accurate. Specifically, Rahman and ThinRou- 
jean performed best with backscatter samples, while Rahman 
outperformed others with forward plane data, just as it did with 
spectral albedo. Four models (ThickDense, Rahman, Modified 
RPV, and ThinDense) outperformed others with principal 
plane data; however, six models were nearly equally accurate 
with orthogonal plane data. Unlike for spectral albedo, Rah- 
man and Dickinson predicted nadir reflectance quite differ- 
ently with spectral band: Dickinson was among the most accu- 
Table 2a. Model Performance in Estimating Spectral Albedo 
View Azimuth Sector Spectral Band 
Orthogonal Forward Principal Band Band Band 
Model Backscatter Plane Scatter Plane 1 2 3 Total 
Dksn 11 2 2 5 5 7 8 20 
Jacq 1 1 2 7 2 3 6 11 
MRPV 4 14 6 9 5 10 18 33 
Rahm 6 24 17 14 20 21 20 61 
ThnS 5 9 2 3 8 3 8 19 
ThnD 1 4 4 1 2 3 5 10 
ThkS 13 16 10 21 17 21 22 60 
ThkD 3 4 12 8 7 9 11 27 
Wlth 1 2 1 2 0 2 4 6 
ThnRj 12 13 1 3 9 8 12 29 
Results given by number of view azimuth sector (3 bands x 8 land covers + 2 bands for shinnery oak = 
26 possible combinations) and spectral band (4 sectors x 9 land covers - 36 possible combinations for 
bands 1 and 2; 4 x 8 = 32 for band 3) cases for which the mean relative error with a model was within 
2% (absolute) of the lowest value of all models. Thus higher numbers here indicate more successes. Model 
codes are Dksn, Dickinson; Jacq, Jacquemoud; MRPV, Modified RPV; Rahm, Rahman; ThnS, Thin- 
Sparse; ThnD, ThinDense; ThkS, ThickSparse; ThkD, ThickDense; Wlth, modified Walthall; and ThnRj, 
ThinRoujean. 
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Table 2b. Model Performance in Estimating Nadir Reflectance 
View Azimuth Sector Spectral Band 
Orthogonal Forward Principal Band Band Band 
Model Backscatter Plane Scatter Plane 1 2 3 Total 
Dksn 5 10 13 7 14 8 13 35 
Jacq 2 7 3 2 3 3 8 14 
MRPV 8 12 9 10 9 14 16 39 
Rahm 11 12 17 11 12 20 19 51 
ThnS 5 7 1 1 4 3 7 14 
ThnD 2 9 7 10 10 6 12 28 
ThkS 9 11 10 8 14 10 14 38 
ThkD 4 10 9 12 12 9 14 35 
Wlth 3 3 2 3 0 4 7 11 
ThnRj 11 10 1 3 5 9 11 25 
See Table 2a footnote. 
rate twice as often in bands 1 (red) and 3 (midinfrared) as it 
was in band 2 (near infrared), and Rahman was more often 
accurate in bands 2 and 3 than it was in band 1 (red). For other 
models, the results varied less. 
5.2. Performance by Land Cover Type 
We also determined the models which performed best with 
each land cover type by counting the number of spectral band, 
view azimuth sector combinations for which each model out- 
performed the others. Results for both spectral albedo and 
nadir reflectance are shown in Table 3. Generally, ThickSparse 
estimated albedo most accurately for surfaces of short height 
(soil, grassland, and cotton), and Rahman estimated albedo 
most accurately for forest canopies. In predicting nadir reflec- 
tance, Rahman was among the most accurate for five of the 
nine covers. Modified RPV and ThickSparse performed well 
for relatively short and tall canopies, respectively, although 
Thick/ThinDense was most accurate for the soil reflectance. 
5.3. Robustness by Spectral Band and Azimuthal Sector 
The above analysis shows the models which produced the 
smallest errors with the nonoutlier inversion data sets. How- 
ever, the number of inversion data sets tagged as outliers 
varied greatly among the different models. Clearly, a model 
which results in fewer outlier solutions is more robust than one 
that results in more outlier solutions. Because our analysis 
above did not consider this, we counted the number of inver- 
sion data sets (out of 50) for which each model produced an 
• > 0.5 in an estimated product. Next, for each sampling 
combination and land cover, we recorded each model which 
produced within one count of the fewest number of outliers of 
all models. 
Results are given in Table 4a (spectral albedo) and Table 4b 
(nadir reflectance) as a function of view azimuth sector and 
spectral band. Three models were significantly more robust in 
albedo calculations (in order): Rahman, Modified RPV, and 
ThickSparse. Although all three performed similarly with the 
principal plane data sets, ThickSparse performed best with the 
backscatter data sets, Modified RPV with the orthogonal plane 
sets, and Rahman with the forward scatter sets. In addition, 
ThinRoujean performed well with the backscatter sets. There 
was little distinction with spectral band, although Rahman 
performed best in the red wavelengths. In the nadir reflectance 
calculations the same three models (Rahman, Modified RPV, 
and ThickSparse) outperformed the others. In this case, how- 
ever, the ThinRoujean model was superior with the backscat- 
ter data sets, and Rahman was superior with the forward scat- 
ter data sets. For the orthogonal and principal plane data sets, 
both Rahman and Modified RPV produced lowest errors. 
Again, Rahman produced lowest errors with the red band data. 
In addition to Rahman, Modified RPV, and ThickSparse out- 
performed others with the band 2 and 3 data, respectively. 
6. Discussion 
Not surprisingly, the models produced most accurate results 
in albedo (Figure 6) when inverted with either full principal 
plane samples or orthogonal plane samples. It is well known 
that the largest changes in vegetation bidirectional reflectance 
occur in the principal plane. Because its characteristic reflec- 
Table 3. Best Performing Model by Land Cover Type 
Land Cover Spectral Albedo Nadir Reflectance 
Soil (lava) ThinSparse, ThickSparse ThickDense, ThinDense 
Grassland (June) ThickSparse, ThickDense Rahman, Modified RPV 
Grassland (August) ThickSparse Modified RPV 
Cotton ThickSparse Rahman 
Shinnery oak Modified RPV Modified RPV 
Spruce/hemlock Rahman Rahman 
Black spruce ThickSparse, Rahman ThickSparse 
Aspen ThinRoujean, Rahman, ThickSparse Rahman 
Jack pine Rahman ThickSparse, Rahman 
Found by counting the number of spectral band, view azimuth sector combinations (out of 12; 8 for 
shinnery oak) in which each model outperformed all others. A second model is reported when it had just 
one fewer total combinations than the top model. 
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Table 4a. Model Robustness in Estimating Spectral Albedo 
View Azimuth Sector Spectral Band 
Orthogonal Forward Principal Band Band Band 
Model Backscatter Plane Scatter Plane 1 2 3 Total 
Dksn 6 3 5 6 7 8 5 20 
Jacq 0 2 1 7 1 5 4 10 
MRPV 4 21 7 14 13 17 16 46 
Rahm 7 14 15 12 22 14 12 48 
ThnS 2 7 3 4 5 7 4 16 
ThnD 0 2 0 0 0 2 0 2 
ThkS 10 11 6 13 11 18 11 40 
ThkD 0 3 6 2 2 5 4 11 
Wlth 0 0 0 0 0 0 0 0 
ThnRj 11 5 0 5 10 6 5 21 
Values indicate the number of view azimuth sector (3 bands x 8 land covers + 2 bands for shinnery 
oak - 26 possible combinations) and spectral band (4 sectors x 9 land covers = 36 possible combinations 
for bands 1 and 2; 4 x 8 = 32 for band 3) cases for which the number of outliers (mean relative error >0.5) 
was within 1 count of the lowest number for all models. Thus higher numbers here indicate more 
successes. Model codes are Dksn, Dickinson; Jacq, Jacquemoud; MRPV, Modified RPV; Rahm, Rahman; 
ThnS, ThinSparse; ThnD, ThinDense; ThkS, ThickSparse; ThkD, ThickDense; Wlth, modified Walthall; 
and ThnRj, ThinRoujean. 
tance results from specific canopy features, this plane is often 
preferable when attempting to retrieve biophysical parameters 
through inversion of physically based models [Privette et al., 
1994]. However, with the less physically based models used in 
this study, it appears that anything short of complete sampling 
of the principal plane is detrimental. Indeed, the orthogonal 
plane, which generally does not contain as much per-sample 
information as the principal plane, was in many cases the most 
useful in this study. This implies that when satellite samples are 
not available from the orthogonal plane, samples from both 
the forward scattering and backscattering directions must be 
available for consistent accuracy. For AVHRR data the avail- 
ability of samples from both sectors is a function of latitude, 
the satellite, and clouds, the latter obviously not predictable a 
priori. 
It is clear from the totals columns in Tables 2a, 2b, 4a, and 
4b that Rahman and ThickSparse outperformed others; how- 
ever, by inspecting the trends with view azimuth sector and 
spectral band, we see less variation in results with spectral 
band. This indicates that the view azimuth sector more strongly 
determined the model success. Because different scattering 
components (single versus multiple scattered radiation) dom- 
inate at different wavelengths in vegetation reflectance, the 
bidirectional reflectance shapes can change markedly between 
spectral bands. Thus we expected some models to fit near- 
infrared reflectance distributions better than visible distribu- 
tions (including variations with solar angle), and vice versa. 
Because this occurred only slightly, we suspect hat a strongest 
influence in these results was the ability of a model to be 
accurately inverted with the sparse data sets, rather than the 
ability of a model to match the reflectance distribution better 
than others. 
Further evidence of this is found in the relatively little dis- 
tinction in model performance with land cover (Table 3); the 
models which work well for one land cover type tended to work 
well for all cover types. In fact, three models (Rahman, Thick- 
Sparse, and Modified RPV) were among the most accurate in 
17 of 18 product/land cover combinations. The only exception 
was for the estimation of soil nadir reflectance; however, in this 
case, most models performed similarly. 
In response to this suspicion, we developed a test to indicate 
whether the above performances were more strongly dictated 
by a model's ability to be reliably inverted or its ability to match 
true BRDF shapes. In this test, we inverted each model with 
hemispheric data from the highest and lowest solar angles 
available for each land cover. Specifically, we created a single 
Table 4b. Model Robustness in Estimating Nadir Reflectance 
View Azimuth Sector 
Orthogonal Forward Principal 
Model Backscatter Plane Scatter Plane 
Spectral Band 
Band 
1 
Band 
2 
Band 
3 
Dksn 0 6 8 5 7 6 
Jacq 0 0 1 1 0 2 
MRPV 6 9 4 11 8 14 
Rahm 5 10 12 12 13 13 
ThnS 1 2 0 0 0 0 
ThnD 0 3 2 3 5 3 
ThkS 7 6 4 9 9 7 
ThkD 0 5 5 7 5 7 
Wlth 1 0 2 1 0 3 
ThnRj 13 5 1 1 6 9 
6 
0 
8 
13 
3 
0 
10 
5 
1 
5 
See Table 4a footnote. 
Total 
19 
2 
30 
39 
3 
8 
26 
17 
4 
2O 
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Table 5. Root-Mean-Square Errors Found by Fitting Reflectances Over Full Hemisphere at Highest and Lowest Solar 
Angles Simultaneously 
BRDF Model 
Land Cover Dksn Jacq MRPV Rahm ThnS ThnD ThkS ThkD Wlth ThnRj Mean 
Band 1 
Soil 0.0184 0.0199 0.0276 0.0206 0.0196 0.0219 0.0205 0.0218 0.0233 0.0253 0.0219 
Grass (June 1987) 0.0038 0.0036 0.0081 0.0066 0.0049 0.0055 0.0035 0.0035 0.0061 0.0060 0.0052 
Grass (Aug. 1989) 0.0066 0.0042 0.0121 0.0102 0.0074 0.0078 0.0062 0.0066 0.0107 0.0094 0.0081 
Cotton 0.0057 0.0062 0.0071 0.0054 0.0058 0.0058 0.0057 0.0058 0.0069 0.0058 0.0060 
Shinnery oak 0.0084 0.0054 0.0152 0.0079 0.0103 0.0132 0.0087 0.0121 0.0103 0.0134 0.0105 
Spruce/hemlock 0.0062 0.0056 0.0072 0.0057 0.0079 0.0079 0.0077 0.0078 0.0076 0.0071 0.0071 
Aspen 0.0042 0.0034 0.0058 0.0050 0.0047 0.0048 0.0043 0.0043 0.0062 0.0048 0.0048 
Black spruce 0.0049 0.0041 0.0088 0.0047 0.0073 0.0093 0.0063 0.0086 0.0067 0.0085 0.0069 
Jack pine 0.0080 0.0049 0.0118 0.0073 0.0078 0.0114 0.0066 0.0106 0.0090 0.0106 0.0088 
Sum RMSE 0.0662 0.0573 0.1037 0.0734 0.0758 0.0876 0.0695 0.0810 0.0869 0.0908 
Band 2 
Soil 0.0260 0.0279 0.0384 0.0287 0.0250 0.0265 0.0277 0.0273 0.0331 0.0334 0.0294 
Grass (June 1987) 0.0966 0.0000 0.0433 0.0411 0.0499 0.0496 0.0338 0.0371 0.0294 0.0529 0.0434 
Grass (Aug. 1989) 0.0438 0.0296 0.0457 0.0412 0.0495 0.0490 0.0450 0.0475 0.0413 0.0464 0.0439 
Cotton 0.1403 0.0521 0.0779 0.0586 0.0722 0.0706 0.0727 0.0717 0.0745 0.0650 0.0756 
Shinnery oak 0.0211 0.0149 0.0346 0.0184 0.0318 0.0357 0.0299 0.0331 0.0298 0.0306 0.0280 
Spruce/hemlock 0.0754 0.0651 0.0610 0.0623 0.0856 0.0847 0.0855 0.0849 0.0607 0.0720 0.0737 
Aspen 0.0596 0.0367 0.0508 0.0391 0.0526 0.0498 0.0485 0.0471 0.0511 0.0510 0.0486 
Black spruce 0.0213 0.0177 0.0341 0.0218 0.0295 0.0336 0.0237 0.0293 0.0260 0.0345 0.0272 
Jack pine 0.0233 0.0195 0.0330 0.0218 0.0274 0.0315 0.0247 0.0277 0.0278 0.0303 0.0267 
Sum RMSE 0.5074 0.2635 0.4188 0.3330 0.4235 0.4310 0.3915 0.4057 0.3738 0.4161 
Band 3 
Soil 0.0265 0.0273 0.0423 0.0283 0.0352 0.0379 0.0362 0.0374 0.0352 0.0382 0.0344 
Grass (June 1987) 0.0325 0.0158 0.0301 0.0293 0.0321 0.0313 0.0251 0.0256 0.0251 0.0310 0.0278 
Grass (Aug. 1989) 0.0386 0.0189 0.0437 0.0422 0.0382 0.0391 0.0352 0.0348 0.0393 0.0381 0.0368 
Cotton 0.0401 0.0300 0.0501 0.0436 0.0342 0.0351 0.0335 0.0342 0.0531 0.0376 0.0391 
Shinnery oak 0.0445 0.0432 0.0442 0.0424 0.0509 0.0509 0.0506 0.0506 0.0486 0.0457 0.0472 
Aspen 0.0154 0.0138 0.0206 0.0175 0.0179 0.0186 0.0160 0.0163 0.0221 0.0170 0.0175 
Black spruce 0.0108 0.0091 0.0194 0.0115 0.0143 0.0191 0.0123 0.0174 0.0131 0.0165 0.0144 
Jack pine 0.0176 0.0102 0.0261 0.0166 0.0170 0.0245 0.0143 0.0220 0.0202 0.0209 0.0189 
Sum RMSE 0.2260 0.1683 0.2765 0.2314 0.2397 0.2566 0.2231 0.2383 0.2567 0.2449 
See Table 4a caption for explanation of model abbreviations. 
inversion data set per land cover, consisting of PARABOLA 
reflectance values at about every 15 ø view zenith angle and 
every 30 ø view azimuth angle (2 solar angles x 66 samples per 
hemisphere = 132 samples per data set). Because this inver- 
sion configuration is highly overdetermined, fitting errors al- 
most entirely result from a model's inability to match the data, 
not from an incorrect parameter determination. Indeed, unlike 
those from physically based models, simple BRDF model pa- 
rameters normally have little or no physical meaning and thus 
cannot be measured in the field. Model "validity" can only be 
gauged by testing the ability to match measured reflectances 
over a wide range of view and solar angles with a single set of 
parameter values. 
Root-mean-square errors (RMSE) for each land cover type 
and spectral band are shown in Table 5, and the mean RMSE 
values over all land covers are shown in Figure 8. Results show 
that the Jacquemoud model fit the data significantly better 
than did the others. Interestingly, the Dickinson model had the 
second-lowest RMSE values for the visible and midinfrared 
bands but underperformed all models in the near infrared. 
This suggests this model's validity decreases as canopy scatter- 
ing increases, a result implied by the nadir reflectance results 
(Table 2b) as well. The various kernel-driven models behaved 
similarly to each other. Still, close inspection suggests that 
models with the RossThick kernel fit the data better than did 
those with the RossThin, and those with the LiSparse fit better 
than did those with LiDense. In contrast to the Dickinson 
model, the Walthall model performed better in the near- 
infrared band and poorer in the other bands relative to the 
other models. Finally, the Modified RPV had much poorer fits 
than did its parent Rahman model, although this model also 
performed better in the near infrared relative to some others. 
These results strongly suggest hat the models' performances 
with inversion data from different azimuth sectors (Tables 2-4, 
Figures 6 and 7) were largely dictated by their ability to be 
reliably inverted. Thus, as expected, models with more param- 
eters (e.g., Jacquemoud with 6) may be highly accurate (i.e., 
valid) but still less reliable when sparse satellite data sets are 
used to invert the model. In contrast, models with few param- 
eters, or those that can be inverted with linear methods, are 
preferable with sparse data sets despite their relatively poor 
ability to fit measured data. This probably explains why the 
ThickSparse linear kernel-driven model performed as well or 
better than the nonlinear models with more parameters. Al- 
though radiative transfer is inherently a nonlinear process, the 
stability of linear model inversions may more than compensate 
for their violations of actual physics. This also explains why 
Jacquemoud et al. [1992] produced excellent results in their 
inversions with large sample sets and diverse geometries, but 
Privette et al. [1995] showed more marginal results using Jac- 
quemoud's model with only principal plane data. Still, if fewer 
parameters produce better results, an inevitable question is 
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how many parameters (or kernels) are required to still ade- 
quately fit the data. Results from both Privette and Fermote 
[1995] and Z. Li et al. (submitted paper, 1997) suggest at least 
three parameters are best for kernel-driven models. 
Finally, the superior performances by the ThickSparse and 
Rahman models prompted a comparison of their computa- 
tional speeds. We inverted both models with the 50 principal 
plane data sets from the shinnery oak and the June grassland 
data. Here we only used data from bands 1 and 2 and a single 
solar zenith angle pair. The forward computation of the prod- 
ucts is trivial compared to model inversion and thus was not 
conducted. Unlike the previous tests for product accuracy, the 
Rahman model was not restarted with different initial condi- 
tions after the initial convergence. Because the computer codes 
for neither model were modified for efficiency, this comparison 
should be considered rough. For the ThickSparse model, the 
average times required per 50 inversions on a Silicon Graphics 
Indigo with IRIX 5.3 were 0.26 s for band 1 and 0.25 s for band 
2. The Rahman model required 9.5 s (35 times slower than 
ThickSparse) and 6.2 s (25 times slower), respectively. Note 
the significantly poorer performance by the Rahman model 
with band 1 data. Clearly, these results suggest hat the Thick- 
Sparse model may be preferable for operational data process- 
ing with limited computational resources. 
Three differences between the PARABOLA data and the 
bidirectional reflectance model values should be noted as 
sources of error. First, the models predict reflectance per unit 
steradian, whereas PARABOLA measures radiance over a 15 ø 
IFOV. The averaging of reflectance over 15 ø IFOV serves to 
"smooth" the reflectance distribution and is most important in 
directions for which there is a large reflectance gradient with 
view angle, i.e., particularly, around the hot spot. Although we 
did not compensate for this effect, other studies comparing 
PARABOLA data and models suggest the differences are 
mostly small [Ahmad and Deering, 1992]. Second, the shadow 
of the PARABOLA housing prevents accurate measurement 
of the hot spot. However, given the number of samples used in 
this study and simplified treatment of the hot spot in the 
models (if one existed at all), the impact of this error is prob- 
ably low. Finally, we did not approximate diffuse irradiance in 
the modeling, although some naturally existed when the data 
were collected. Diffuse irradiance also serves to smooth the 
reflectance distribution [Deering and Eck, 1987; Privette et al., 
1995]. Still, all data were collected under clear-sky conditions 
(e.g., "golden days" for FIFE and BOREAS); in these cases, 
most diffuse irradiance strikes the surface from directions very 
close to the direct irradiance direction. Moreover, the atmo- 
sphere is highly transmitting in the near and middle infrared, 
suggesting the effects are only a concern in band 1 (red) [Priv- 
ette et al., 1995]. 
Naturally, inversion results depend, in part, on the inversion 
data sets. Many factors affect these data, including the point 
spread and spectral sensitivity functions of the instrument, the 
Sun-view sampling geometries, the height of the instrument 
relative to the heterogeneity scale of the surface, and the dif- 
fuse irradiance conditions. These factors can affect inversion 
results of different models in different ways. Thus the gener- 
ality of the results found here should be tested with data from 
other sensors. 
7. Conclusions 
Simple nonlinear and kernel-driven linear BRDF reflec- 
tance models can accurately predict nadir reflectance and spec- 
tral albedo at different solar angles when inverted with 
AVHRR/MODIS-like data sets. The best performing models, 
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as found in this study, were superior over most land cover 
types. Although the best performing models may not be the 
most realistic (i.e., able to match measured BRDF shapes), 
their superior reliability during inversion combined with their 
ability to reasonably fit all reflectance distributions suggests 
they are suitable for global application. More specific conclu- 
sions are itemized below. 
7.1. Spectral Albedo Estimation 
1. Overall, the nonlinear Rahman model and the kernel- 
driven linear ThickSparse model were most accurate. 
2. Evaluated as a function of spectral band, the following 
performed best (listed in order of performance): band 1 (red), 
Rahman; band 2 (near infrared), Rahman and ThickSparse; 
and band 3 (middle infrared), ThickSparse. 
3. Evaluated as a function of view sampling sector, the 
following performed best (listed in order of performance): 
backscatter sampling, ThickSparse and ThinRoujean; orthog- 
onal plane sampling, Rahman; forward scattering, Rahman; 
and principal plane (forward and backscattering), ThickSparse. 
4. The most robust models (prediction errors least often 
exceeded 0.5 relative) were, in order, Rahman, Modified RPV, 
and ThickSparse. 
7.2. Nadir Reflectance Estimation 
Note that results for spectral albedo were more conclusive 
than those for nadir reflectance. 
1. Overall, the Rahman model was most accurate. 
2. Evaluated as a function of spectral bands, the following 
performed best (listed in order of performance): band 1 (red), 
Dickinson and ThickSparse; band 2 (near infrared), Rahman; 
and band 3 (middle infrared), Rahman. 
3. Evaluated as a function of view azimuth sector, the fol- 
lowing performed best (listed in order of performance): back- 
scatter only, ThinRoujean and Rahman; orthogonal plane 
only, Rahman, Modified RPV, and ThickSparse; forward scat- 
tering only, Rahman; and principal plane scattering, Thick- 
Dense and Rahman. 
4. The most stable models (prediction errors least often 
exceeded 0.5 relative) were, in order, Rahman, Modified RPV, 
and ThickSparse. 
On the basis of this study, we recommend the Rahman and 
ThickSparse models be used to account for bidirectional re- 
flectance effects given sparse satellite data sets. Furthermore, 
because the matrix inversion of ThickSparse was at least 25 
times faster than the iterative inversion of the nonlinear Rah- 
man model, we suggest he use of ThickSparse when compu- 
tational efficiency is a particular concern. 
When processing speed is not a concern, more complex 
models may be advisable. For example, when large amounts of 
satellite data from a wide range of Sun-view geometries are 
available, the Jacquemoud or Dickinson (bands 1 and 3 only) 
appear more accurate. Further investigation of the minimum 
number of samples required for reliable inversions from more 
complex models is needed. 
Note that by restricting our study to PARABOLA data, we 
cannot ensure our results apply to data from other sensors. 
ThickSparse was also accurate and robust with AVHRR data 
collected over a desert [Privette and Vermote, 1995]; however, 
Rahman was not tested in that study. We recommend that 
similar comparisons be conducted with data from other sen- 
sors, land covers, and sampling schemes. Moreover, our set of 
10 models was not exhaustive. Other models, particularly those 
not belonging to the classes represented here, should also be 
tested. 
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